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Abstract 
The aim of this work is to identify and characterize the local damage in polymer concrete 
materials with the use of acoustic emission (AE). Polymer concrete materials are complex 
composites which damage and time-to-failure mechanisms still require a better 
understanding. The damage investigation in those materials is reached with the analysis of 
acoustic emission signals collected from static three point bending tests. Unsupervised pattern 
recognition analyses (fuzzy C-means clustering) associated with a principal component 
analysis are used for the classification of AE events. As few studies are reported in these 
materials, several model concrete samples are experimented in order to match each cluster 
with the corresponding damage mechanism of the material under investigation. This method 
provides the time dependency of each identified damage mechanism as a function of test 
time. We show through this approach that it is possible, using AE, to identify the most critical 
damage mechanisms leading to the final failure of the material. The possibility of assessing 
time to failure of the tested samples from AE is also investigated. 
Résumé  
Notre travail est dédié à l’étude de l’endommagement d’un béton polymère au cours 
d’essais statiques en flexion trois points. Notre contribution consiste à caractériser 
l’endommagement par émission acoustique (EA), à identifier les signatures acoustiques des 
mécanismes d’endommagement intervenant dans le matériau, à suivre l’évolution de ces 
différents mécanismes au cours du temps et à identifier les plus critiques conduisant à la 
rupture du matériau. Différents échantillons de matériaux modèles (résine pure, résine-sable, 
résine-agrégats) et béton polymère (résine-sables-agrégats) sont considérés. Des techniques 
d’analyse statistique multivariable (méthode de coalescence floue et analyse en composantes 
principales) sont utilisées afin de distinguer les signaux correspondants aux différents modes 
d'endommagement des matériaux. Les différents mécanismes d’endommagement dans les 
matériaux (microfissuration de la résine, décohésion résine-agrégats et rupture d’agrégats) 
sont identifiés en isolant des signaux d’émission acoustique caractéristiques. Les premiers 
résultats obtenus sur ces matériaux complexes sont très encourageants, ils permettent de 
discriminer les différents mécanismes d’endommagement et d’identifier les plus critiques 
menant à la rupture final du matériau à partir de l’analyse par l’EA. 
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1 Introduction   
Resin or polymer concrete possesses higher strength, higher ductility than conventional 
concrete. While their mechanical behaviour is mostly well known, their damage and time-to-
failure mechanisms still require a better understanding. One of the aims of this paper is to 
identify the different damage mechanisms occurring in these materials and to estimate their 
remaining lifetime in a non destructive way. Acoustic Emission (AE), which represents the 
generation of transient ultrasonic waves in a material under load, is a useful tool that can be 
used in situ for structural health monitoring. One of the main issues of AE is to discriminate 
the different damage mechanisms from the detected AE signals. Most studies so far have used 
AE descriptors such as the amplitude and the energy of the signal to characterize the 
development of damage [1-3]. Each signal can be associated to a pattern composed of 
multiple relevant descriptors. Then the patterns can be divided into clusters representative of 
damage mechanisms according to their similarity by the use of multivariable data analyses 
based on pattern recognition algorithms [4]. As it is not possible to know exactly the origin of 
an emitted event and then to provide a training set of patterns belonging to several composite 
damage mechanisms, unsupervised pattern recognition is sometimes used with the problem of 
labelling the clusters [4]. Godin and al. [5] use this approach for clustering AE events with a 
Kohonen’s neural network associated with the k-means algorithm. They obtain interesting 
results on unidirectional fiber-matrix and cross-ply composites AE data during tensile tests. 
However, it is less effective for complex composite materials such polymer concrete for 
instance. In order to improve the classification process for these complex materials, fuzzy C-
means clustering [6] associated with a principal component analysis (PCA) are proposed in 
this paper.  
 
2  Materials and tests 
The test specimens were constituted of polymer concrete. The matrix was made of epoxy 
resin and fine sand of average diameter equal to 0.4 mm, with a volume fraction of sand equal 
to 40%. The aggregates were of average diameter equal to 2 mm with a volume fraction of 
30% (volume fraction of the matrix equal to 70%). The three-point bending tests are 
performed using an Instron 8500 Digital Servo hydraulic testing system. The specimen 
dimensions are 15 x 40 x 160 mm, as shown in Fig. 1 
 
 
 
 
 
 
40 mm 
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Figure 1. Geometry of specimen and position of transducers 
A two channels EPA Acoustic Emission device is used. AE measurements are achieved by 
the means of two resonant Micro-80 sensors with a frequency band 100 kHz - 1 MHz and a 
peak of resonance around 300 kHz, coupled on the faces of the specimens with silicon grease. 
The calibration of each test uses a pencil lead break procedure in order to generate repeatable 
AE signals. Several time-based descriptors are calculated by the acquisition system for each 
AE event: the amplitude, the energy, the duration, the rise time, the number of times the 
amplitude of the event goes beyond the given amplitude threshold (called counts)... These 
collected parameters are used as input descriptors in the proposed classification method.  
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Each AE signal can be associated to a pattern composed of multiple relevant features 
extracted from the random AE waveforms such as the amplitude of the signal, its energy, etc. 
Thus, the d time-based parameters collected from n AE waveforms are the components of the 
n input pattern vectors used for the classification. Then the patterns can be divided into 
clusters representative of damage mechanisms according to their similarity with the use of 
multivariable data analyses based on pattern recognition algorithms. As it is not possible to 
know exactly the origin of an emitted event and then to provide a training set of patterns 
belonging to several composite damage mechanisms, unsupervised pattern recognition 
analyses, which provide a multidimensional data classification, are used with the problem of 
labeling the clusters. Here the Fuzzy C-means Clustering Method (FCM) [2,3,4] is used for 
the automatic classification into M classes representative of M damage mechanisms. It uses 
fuzzy partitioning so that each pattern vector xj (j=1,n) can belong to each cluster ωi (i=1,M) 
with different membership grades ui(xj) between 0 and 1, which represents the membership 
value of the j
th pattern vector xj to the cluster ωi. FCM is an iterative algorithm which runs 
with the steps presented in table 3. By iteratively updating the cluster centers and the 
membership grades for each pattern, FCM iteratively moves the cluster centers to the “right” 
location within the data set.  The FCM is associated with a Principal Component Analysis 
(PCA) [5,6]. The basic goal in PCA is to reduce the dimension of the data. PCA is also used 
here to visualize the clusters provided by the automatic classification performed with the 
FCM. The proposed method permits to identify the damage mechanisms and to follow the 
time development of each damage mechanism till the final global fracture of the sample. 
Table 1.  Fuzzy C-means Clustering algorithm. 
Data -  n input pattern vectors xj (j=1,n) 
Parameters  - M clusters ωi (i=1,M) 
- q iteration steps 
- Fuzzy degree f (f=2) 
- Threshold ε (0 < ε < 1), which defines the number of q iterations 
Initialization  - Randomly initialization of membership matrix with values (in [0,1]) 
that represent the membership values ui(xj) of the n patterns xj (j=1,n) to 
each cluster ωi (i=1,M) 
Iterations 
- Calculation of cluster centers Ci : 
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- Calculation of Euclidean distance d(xj,Ci) between the pattern vector xj 
and the cluster center Ci 
- Calculation of membership matrix U : 
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- Iterations until the improvement over the previous iteration is below ε : 
ε < −
−1 q q U U  
 
4  Results and discussion 
In this material, three damage mechanisms can potentially occur within the material: 
matrix cracking, interfacial decohesion, gravel failure. The fuzzy C-means clustering method 
is applied to the actual material with three clusters that potentially correspond to the three 
damage mechanisms. The five descriptors used are the energy, the amplitude, the rise time, 
the counts and the duration of the signals. A PCA is achieved in order to visualize the results   NDTCE’09, Non-Destructive Testing in Civil Engineering   
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in a two-dimension subspace. The results are presented in figure 2 with the three identified 
clusters : A signal, B signals and C signals. The three families are well separated and 
discriminated. In order to identify precisely the mechanisms and to put in front of each AE 
signature a damage mechanism, we have considered in what follows some model materials in 
three points bending tests, starting from the pure resin and finishing by the actual concrete in 
order to match each cluster with the corresponding damage mechanism. Another point to 
clear concern the interface decohesion. While the matrix contains sand and gravel it is 
important to study the possibility to discriminate the two associated damage mechanisms 
(matrix sand decohesion and matrix gravel decohesion). 
 
  
Figure 2. : PCA visualization of the fuzzy C-means clustering (94% information kept) of 
three points bending tests on synthetic concretes. A signal is representative of 
matrix cracking, B signal of matrix gravel decohesion and C signal of gravel 
failure 
4.1 Pure resin: Samples of pure resin were considered in a three points bending test. The 
aim of this experiment is to identify the signals corresponding to matrix cracking. Indeed, one 
type of signals is observed in this test with the amplitude range 38-73 dB, with waveform 
features similar to those of the cluster 1 (Fig. 3). Thus, the patterns of cluster 1 are built from 
signals similar to A signals which correspond to matrix cracking. Therefore, cluster 1 is 
representative of matrix cracking. 
 
                        a                                                                                    b 
Figure 3. a) AE Amplitude distribution for pure resin concretes, b) Corresponding 
detected signals: A signal (matrix cracking). 
4.2 Gravel and resin concretes (no fine sand) : The aim of this experiment is to 
verify if the concrete without fine sand have a different damage behavior as actual concrete 
that contain fine sand. In this test, we obtain the same three kinds of signals as in the actual 
synthetic concretes. They correspond to matrix cracking (A signals) as shown above, and two   NDTCE’09, Non-Destructive Testing in Civil Engineering   
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other signals, probably gravel/resin decohesion and gravel failure (Fig. 4). One can conclude 
that the sand matrix interface is stronger than the matrix gravel interface. To confirm this 
observation one must consider a sample with solely fine sand and resin. 
 
 
                                 a                                                                               b 
Figure 4. a) Detected signals in gravel and resin concrete  a) gravel/resin debounding,   
b) gravel failure  
4.3 Fine sand and resin concretes (no gravel) : The aim of this experiment is to 
generate matrix cracking and potential fine sand/matrix decohesion. Indeed, two kinds of 
signals are found. About 90% have amplitude in the range 40-80 dB, with waveform features 
similar to those observed in the tests on pure resin (Fig. 5a). Thus, they correspond to A 
signals. 10% of signals have amplitude mainly in the range 50–80 dB (Fig. 5a) and waveform 
features quite different from the A signals, with shorter rise time and higher energy. They 
correspond probably to the fine sand/matrix decohesion and are similar to the signals of the 
cluster 2 in the actual concrete but less energetic (Fig. 5b). The fine sand/matrix decohesion 
damage mechanism is then present but seems to be a secondary mechanism giving rise to few 
AE. 
 
                            a                                                                         b 
Figure 5. a)  Amplitude distribution of fine sand and resin concretes , b) Fine sand/matrix 
decohesion signal. 
  
5  Time dependency damage mechanisms 
 
In order to identify the evolution of each damage mechanism with time, the clustering 
method is applied to the actual concretes (6692 AE events). The same descriptors are used to 
compose the patterns. The number of clusters set for classifying the data is three. The 
obtained clusters are composed of patterns whose amplitude are in the range from 40 to 70 
dB for 84% (cluster 1), in the range 50–100 dB for 15 % (cluster 2) and in the range 95– 100   NDTCE’09, Non-Destructive Testing in Civil Engineering   
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dB for 1% (cluster 3). The time dependency of the different damage types (Fig 6) shows that 
the matrix cracking are the most important damage mechanisms, the interfacial decohesion 
begin from the starting of the experiment and are less numerous than the matrix cracking. At 
the end of the tests, few C signals, referring to the gravel failure appear and lead to the failure 
of the material. This is a very important result showing that the damage mechanisms don’t 
have the same dynamic.  
 
Figure 6.  Time dependency of the identified damage types 
 
6 Conclusions 
Fuzzy C-means clustering method is coupled with a principal component analysis to 
discriminate different damage mechanisms from AE signals and to visualize the classification 
into classes. Clustering is done with the typical temporal descriptors of AE waveforms. The 
resulting clusters clearly identify the damage mechanisms in complex composite materials as 
polymer concretes. This unsupervised method also shows the time evolution of damage 
mechanisms in these materials till the final failure. The perspectives of this work are to define 
more time-scale descriptors to include them in the clustering method in order to improve the 
identification of damage mechanisms of polymer concrete.  
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